
  

 

Abstract—Robotic autonomous grasp requires the system to 

perform multiple functions such as gripper and robot control, 

making it a task with hybrid output nature. Existing methods 

based on closed-loop deep reinforcement learning rely on 

external models for termination evaluation. To achieve more 

effective grasp for novel objects, we propose a new autonomous 

grasp control scheme termed HAGrasp that considers the 

complete point cloud of the workspace. It integrates grasp pose 

estimation, end-effector pose evaluation, and motion planning of 

the robotic arm into a single model, enhancing the success rate 

while reducing computational load. We present a closed-loop 

grasp control system based on deep reinforcement learning. This 

control system can perform grasp tasks while dynamically 

adjusting to avoid end-effector collisions. The design of hybrid-

action reinforcement learning module is trained with unified 

latent action space and further improve generalization, 

achieving real-time autonomous grasp control. Real robot 

experiments show that our method has 74.2% success rate for 

grasping 7 unseen objects. Comparative experiments show that 

the proposed HAGrasp outperforms open-loop baseline 

Contact-Graspnet in both success rate and inference time. It is 

demonstrated that with integrated multi-view input and sim-to-

real training design, our method improves real-world 

applications of autonomous grasp. 

INTRODUCTION 

 Robotic autonomous grasp requires the system to perform 
gripper and robot control, making it a task with hybrid output 
nature [1]-[3]. For grasp tasks in cluttered environments, the 
robot needs to simultaneously perform obstacle avoidance and 
grasp estimation. Open-loop approaches [4]-[8], primarily 
focus on grasp estimation, treating motion planning as a minor 
problem. Most existing closed-loop methods are based on deep 
reinforcement learning (DRL) to handle low-level control but 
rely on separate models for termination evaluation [9], [10].  

Grasp determination plays an important role in robotic 
grasp, where an efficient control system can notably mitigate 
computational load and cycle time. The utilization of open-
loop methodologies combined with deep learning is 
constrained by performance bottleneck arising from single-
view inputs [11]. This limitation becomes evident when 
objects are occluded due to their arbitrary orientations, leading 
to a decline in system performance. Furthermore, the absence 
of an additional motion planner can give rise to grasp failures 
caused by collisions between the robot and its surroundings. 

Typical closed-loop designs rely on policy learning to directly 
control robot actions as model outputs, but the termination 
condition is determined by an external model [9], [10], [12]. 
This decoupling of the termination evaluation from the 
training process leads to rewards obtained from interaction 
with the environment that are not directly related to the grasp 
task. As a result, the model struggles to understand the 
multimodal nature of grasp poses effectively. To enhance 
system performance and efficiency, it is a better practice to 
combine termination evaluation and end-effector control using 
a hybrid action control system. 

In this work, we present Hybrid Action Grasp control 
system (HAGrasp), a system that performs collision avoidance 
and grasp simultaneously by leveraging the geometric features 
of point clouds. The function of robotic autonomous grasp is 
divided into two parts: waypoint prediction and termination 
evaluation. To integrate multiple outputs into a single model, 
termination evaluation is treated as a learnable parameter. As 
shown in Fig. 1, in the hybrid-output control approach, end-
effector control is a continuous action in the 6-DoF Cartesian 
coordinate space, while termination is a binary discrete action 
that control action of the parallel gripper. 

Further, robotic task with high-dimensionality and sparse 
reward raises the difficulty for RL training. Moreover, hybrid 
action in DRL design without further optimization enlarges 
performance drop in real world due to sim-to-real gap [2].  To 
cope with this problem, latent action space has been brought 
out to enable faster learning with an efficient action 
representation [10], [13], [14]. Our approach addresses this 
problem of the action space by using latent action from 
Conditional Variational Autoencoder (CVAE) [15]. The 
proposed method incorporates both outputs of discrete-
continuous action space [16] into the optimization process of 
policy learning. An encoder is used to map continuous and 
discrete actions into a unified representation space for 
optimization. By incorporating termination evaluation into the 
Q-learning design, the model is optimized for end-effector 
control while considering the evaluation and quality of target 
grasp poses. This approach allows the model to learn the multi-
modality and features of successful grasp. 
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Fig. 1. Illustration of HAGrasp method. The policy takes multi-view 

inputs, and outputs hybrid action for gripper and end-effector control. 
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As shown in Fig. 2, the HAGrasp takes both scene and 
object features as input, making the policy has the capability 
of scene-level collision awareness while reconstructing the 
original action space based on the object-level point cloud. The 
system dynamically adjusts the end-effector and gripper pose 
while simultaneously evaluating whether the current pose 
satisfies the termination condition. At each waypoint, the 
system accumulates environment information through multi-
view point cloud fusion, maximizing the performance of the 
control module. The continuous refinement of the end-effector 
pose and the evaluation of the termination condition contribute 
to maximizing the efficiency and success rate of the control 
module during the grasp task. The contributions of this paper 
can be summarized as follows: 

 A hybrid action grasping framework that executes end-
effector control and termination evaluation without 
colliding with objects in a complex scene. 

 We propose a new action-mapping conditional 
variational encoder framework that projects hybrid 
continuous-discrete robot actions to latent ones with 
unified representation for hybrid action policy training. 

 A novel data collection strategy that jointly training with 
reinforcement learning policy for fine-tuning action- 
mapping CVAE. 

 A domain adaptation scheme is developed for point-
cloud-based estimation in grasp training design. The 
performance drop in real-robot experiments is reduced 
and the performance that is close to simulated results is 
achieved. 

I. RELATED WORK 

A. Open-Loop Collision-Free Grasp 

In the design of open-loop grasp, single-view point clouds 
are used for grasp pose estimation. Some studies [5] have 
incorporated optimization mechanisms for grasp poses. To 
strengthen the model's attention on geometric characteristics 
during estimation, works [4], [6] simplify the form of grasp 
pose relationship between the gripper and the object, enabling 
the convergence of sparsely and imbalanced training 
objectives in the six-dimensional space towards reasonable 
object surfaces. Two-stage estimation method has been 
proposed to improve the performance [7], it predicts the grasp 
pose for the entire scene based on distribution of graspable 
regions. To address the shortcomings in handling small 
objects,[8] introduces a scale balanced loss function and multi-
scale grasp pose search. 

B. Closed-Loop Robot Grasp 

RL-based approaches show promising results in achieving 
more robust and versatile capabilities for robots. End-to-end 
policy learning methods leverage extensive data to learn 
closed-loop grasp based on visual input [1], [17]. To address 
the risks and costs associated with real-world training, some 
studies have proposed training the RL module entirely on 
simulated data [18]. Additionally, studies incorporate domain 
adaptation techniques to bridge the gap between the simulation 
and real-world environments, aiming to achieve better 
performance in real-world applications [19], [20]. 

In 6-DoF closed-loop grasp, work with closed-loop system 
with multi-view design has been proposed [21]. For 
reinforcement learning in 6-DoF task, challenging training 
design due to high-dimensional action space need to be 
resolved. Song et al. [12] tackles this issue by action-view 
based rendering to improve learning efficiency. Wong et al. [9] 
combines RL with Imitation Learning, Behavior Cloning is 
incorporated into loss function to increase the similarity 
between the model's outputs and the demonstration data in Q-
learning. [10] utilizes an encoder to compress the complete 
trajectory into a latent space and re-estimate grasp trajectory 
with closed-loop control. It utilizes an option classifier for 
switching to an instance grasp policy to improve performance. 
To reduce the required computational resources, required 
functions for HAGrasp are integrated into a single model. 

C. Hybrid-Action RL for Robot Manipulation 

RL-based methods have shown exceptional performance 
in complex robot tasks. However, in practical applications, 
many robot tasks require hybrid output control, which 
combines both continuous and discrete actions. Traditional RL 
algorithms often focus on continuous control tasks [22], [23] 
or discrete decision-making tasks [24] separately. This 
limitation poses a challenge when dealing with tasks that 
involve a combination of both types of actions. Advanced 
model design has been developed to get an optimal 
performance in hybrid-action RL for robotics. Zhou et al. 
proposed. Some works treats hybrid problems in native form, 
to perform a point-wise selection for contact-rich manipulation 
[25] or design further optimization for specific task [3]. 

II. PROPOSED METHOD 

We formulate the problem as a Parameterized Action 
Markov Decision Process (PAMDP) [16] with a point cloud 
input and sparse reward. Our approach consists of two 

Fig. 2. System architecture of the proposed HAGrasp for novel-object grasping in clutter. 
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component, action-mapping CVAE and hybrid-action grasp 
module. Our control policy learns to predict latent actions for 
unseen scene in 6-DoF grasp task.  

Three steps are performed for training HAGrasp: 

 Offline CVAE training: train CVAE for action 
remapping with demonstration data. 

 Fine-tuning with Object-level Exploration: improve 
CVAE on online dataset for higher action diversity. 

 Scene-level HAGrasp training: update control policy 
for collision-aware grasp system. 

A. Hybrid Action Grasp Module 

To maximize the benefit from closed-loop control, the 
grasp module takes accumulated point clouds [9] to allow 
multi-view state input. The proposed system has two control 
action in robotic grasp tasks: end-effector control 𝐴𝐸𝐸  and 
termination evaluation 𝐴𝑇 . Specifically, the gripper control 
action is a continuous action of 6 values (𝑥, 𝑦, 𝑧, 𝑅𝑥, 𝑅𝑦, 𝑅𝑧) 
including relative position(𝑥, 𝑦, 𝑧)  and rotation in form of 
Euler angles  (𝑅𝑥, 𝑅𝑦 , 𝑅𝑧) . The termination evaluation is a 

discrete action of binary value 𝐴𝑇 ∈ {0, 1}. 

To achieve hybrid-action control, the proposed model is 
designed to implement Q-learning in latent action space. We 
adopt actor-critic architecture from TD3 [23] as our 
reinforcement learning basis. Fig. 3 shows the optimization 
process of the critic network 𝑄𝜃  in hybrid action grasp module. 
The actor network 𝜋𝜙of proposed approach outputs two latent 

actions (𝓏𝐸𝐸 , 𝓏𝑇 ) which represent end-effector and gripper 
control in latent action space individually. When proposed 
system interacts to environments, the native gripper action is 
chosen by calculating pairwise distance with embedding table 
in CVAE, and the continuous pose action is reconstructed with 
decoder and object-level point cloud. To implement Q-
learning in uniform action space, the inputs of the critic are 
projected from native action to latent action by encoder. The 
training target for the critic is defined as (1). The model 
approximate Q-value with both two vectors in hybrid action.  

𝐿𝑄 = (𝑄𝜃(𝑠, 𝓏
𝐸𝐸 , 𝓏𝑇) − 𝑦)2 (1) 

where 𝑦 = 𝑟 + 𝛾𝑄𝜃′ (𝑠
′, 𝜋𝜙′(𝑠

′)) with definition of Bellmen 

equation, 𝑠′ is next state and 𝑟 is the reward from rollout. 𝑄𝜃′ 
and 𝜋𝜙′ are the target networks and 𝛾 is discount factor. 

To address the challenges of high-dimensional action 
space, we apply behavior cloning with additional loss function 
to enhance the training efficiency by incorporating the data 
from the demonstration. We employ a sampling-based path 
planning algorithm [26] as the demonstration planner for the 

expert dataset 𝐷𝑒𝑥𝑝𝑒𝑟𝑡  in the grasp task. After selecting the 

suitable grasp pose with the known object dataset, point cloud 
and relative pose would be recorded at each waypoint. The 
output actions of the control policy are compared with the 
expert actions based on spatial distance, and loss function 𝐿𝐵𝐶  
is calculated to minimize the difference between the prediction 
and the expert actions as (1). 

𝐿𝐵𝐶 = 𝐿𝑝𝑜𝑠𝑒(𝐴𝑝𝑟𝑒𝑑
𝐸𝐸 , 𝐴𝑒𝑥𝑝

𝐸𝐸 ) + 

𝛽𝐵𝐶𝑡𝑜𝑝𝑘 (‖𝓏𝑝𝑟𝑒𝑑
𝑇 − 𝓏𝑒𝑥𝑝

𝑇 ‖
2

2
) (2) 

where 𝐴𝑝𝑟𝑒𝑑
𝐸𝐸  is reconstructed from 𝓏𝑝𝑟𝑒𝑑

𝐸𝐸  with CVAE decoder 

to Cartesian space as expert action 𝐴𝑒𝑥𝑝
𝐸𝐸 . To apply behavior 

cloning on learnable termination, average distance in latent 
action space between projected expert action 𝓏𝑒𝑥𝑝

𝑇  and 

predicted termination 𝓏𝑝𝑟𝑒𝑑
𝑇  is calculated. Additionally, we 

also take data which 𝐴𝑇 = 1 from online rollout to apply this 
optimization as self-supervised manner. As the low portion of 
waypoints that fulfill termination condition would lead to 
performance drop due to data imbalance, only top-k largest 
error of termination action would be back-propagated. 𝐿𝑝𝑜𝑠𝑒 

in (3) is used to define point group distance after projecting 6-
DoF pose to gripper control point as defined in [27]. 

𝐿𝑝𝑜𝑠𝑒 = 
1

|𝑋𝑔|
∑ ‖𝐴1

𝐸𝐸 − 𝐴2
𝐸𝐸‖1𝑥∈𝑋𝑔  (3) 

After dataset from online rollout is collected, training data 
are sampled from both 𝐷𝑒𝑥𝑝𝑒𝑟𝑡  and 𝐷𝑜𝑛𝑙𝑖𝑛𝑒 . The policy 

gradient is use to maximize expect return with output from the 
critic. The final loss function of HAGrasp is combination of 
policy gradient and behavior cloning as in (4). The design of 
behavior cloning improves the efficiency of training process 
and perform better collision-awareness than only optimized by 
policy gradient. 

𝐿𝑝𝑜𝑙𝑖𝑐𝑦 = −𝑄𝜃 (𝑠, 𝜋𝜙(𝑠)) + 𝐿𝐵𝐶  (4) 

The process of offline collection and online rollout are 
executed in simulated environments, which brings risk of 
performance drop due to sim-to-real gap due to deformation of 
input point clouds across different domains [28]. To address 
the sim-to-real challenges, we adopt several design choices to 
improve training process. Firstly, the model input is chosen to 
be point clouds instead of RGB-D images. Point clouds 
demonstrate better generalization for 6-DoF grasp with 
geometric feature in the test environment compared to RGB-
D input [9], [29]. Secondly, data augmentation is employed to 
preprocess the training data. The original point clouds are 
subjected to random perturbations with jittering, to introduce 
noise and simulate real-world data.  

Fig. 3. The training design of deep reinforcement learning for HAGrasp policy. The critic estimates Q-value with specific state and latent action 

projected by CVAE encoder. 
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B. Action-Mapping using Conditional VAE 

To implement the hybrid-action control of HAGrasp, an 
encoder is used to map the latent value for training, while a 
decoder is employed to reconstruct the actions for actual 
control. As shown in Fig. 4, we implement our action-mapping 
CVAE for latent action spaces, continuous actions are used as 
inputs and reconstruction objectives for the CVAE. Discrete 
actions and point cloud features are concatenate into the model 
training as conditions. The discrete actions are treated as 
trainable parameters and translated into feature vectors using 
an embedding table, which indexes original actions and 
converts them into latent one. To maintain stable performance 
for CVAE, object-level point cloud features that extracted by 
PointMLP [30] is used as conditional feature. The decoder is 
designed to predict the point cloud of next step as an additional 
task. It is used to enhance the understanding of the interaction 
between actions and the environment and have stable encoding 
for RL training. Further, feature extractor can learn 
representation of denoising by point cloud reconstruction from 
noisy input. The Chamfer distance 𝐿𝐶𝐷is used as loss function 
for deformation reconstruction [28]. The CVAE predicts the 
denoised version of next point cloud 𝑆𝑝𝑟𝑒𝑑  based on the 

decoded action and optimize with output the ground truth 𝑆𝑡+1.  

The expert data 𝐷𝑒𝑥𝑝𝑒𝑟𝑡  are collected for both Behavior 

Cloning and CVAE training. By utilizing pre-defined grasp 
poses and trajectory planning with a high success rate, this 
initialization makes CVAE output reasonable actions during 
the training phase of policy learning and reduces the required 
time for the control policy to explore. The final loss function 
(5) for CVAE is consist of weighted KL-divergence 
regularization loss [31] 𝐿𝐾𝐿 = 𝐾𝐿(𝒩(μ(𝐴, 𝓏), σ((𝐴, 𝓏))) ∥
𝒩(0, 𝐼)) and reconstruction loss. 

𝐿𝐶𝑉𝐴𝐸 = ‖𝐴1
𝐸𝐸 − 𝐴2

𝐸𝐸‖2
2 + 𝐿𝑝𝑜𝑠𝑒(𝐴1

𝐸𝐸 , 𝐴2
𝐸𝐸) +

𝛽𝐾𝐿𝐿𝐾𝐿 + 𝐿𝐶𝐷(𝑠𝑝𝑟𝑒𝑑 , 𝑠𝑡+1)  (5) 

the weight of KL loss 𝛽𝐾𝐿 is dynamical adjusted to stabilize 
KL-divergence at pre-defined value [32]. 

C. Fine-tuning with Object-level Exploration  

Offline training of CVAE enables the encoder and decoder 
to have a certain level of generalization. There can still be 
limitations in terms of diversity in the continuous data space, 
even with a large amount of expert-collected training data. 
This limitation arises due to the imbalance and lack of 
diversity in the spatial distribution of the expert dataset, which 
can result in a poor generalization in the trained model. 

To improve generalization of proposed approach, the 
training design involves joint training with object-level grasp 
task. The CVAE and the single-object grasp module are 
simultaneously optimized. By optimizing the control policy of 

object-level grasp module to improve the success rate, and at 
the same time, the diversity of the CVAE dataset is increased. 
As shown in Fig. 5, the grasp module parameters are updated 
during exploration in the collection process of online dataset 
𝐷𝑜𝑛𝑙𝑖𝑛𝑒 . Additionally, due to the absence of occlusions on the 
target object, the model is able to accurately locate the grasp 
pose that is closest to the end effector. In order to enhance the 
robustness of the model, the design includes the prediction of 

the final grasp pose 𝐺𝑓 as [9] with 𝐿𝑔𝑜𝑎𝑙 = 𝐿𝑝𝑜𝑠𝑒(𝐺𝑝𝑟𝑒𝑑
𝑓

, 𝐺𝑔𝑡
𝑓
).  

For reward in grasp task, to enhance the geometry-aware 
representation of termination evaluation learned by policy, 
penalty are assigned to actions that lead to failed grasp as 

−𝐿𝑝𝑜𝑠𝑒(𝐺𝐸𝐸 , 𝐺𝑓). These penalty values are determined with 

the distance between the current end-effector pose 𝐺𝐸𝐸  and 
nearest grasp pose 𝐺𝑓. A positive reward is given at the step of 
successful grasp. To collect higher-quality data in low-
difficulty tasks, the penalty value for end-effector collision is 
set to its maximum. These designs are made with the intention 
that the control policy generates actions that do not result in 
collisions with objects while ensuring a high success rate.  

D. Scene-level HAGrasp  

To optimize for more complex object placements and 
environment, the input data of the HAGrasp includes point 
clouds of both obstacles and target objects, allowing the model 
to have a more comprehensive understanding of the scene. 
Additionally, instance segmentation is used to obtain object 
masks, which indicates the target object in a binary form. 

Due to the different property of the tasks, the design of the 
scene-level grasp module differs in several aspects. Firstly, the 
complexity in space increases significantly, making it 
challenging to infer the target pose at each waypoint solely 
based on a predefined final grasp pose. Therefore, the design 
of predicting the final grasp pose is not used in this case. 
Second, through our observations in experiment, it was found 
that setting excessively high penalty values for collisions 
would cause the control policy to underestimate the expected 

Fig. 4. Network design of action-mapping conditional variational autoencoder. 

 

Fig. 5. The object-level grasping module collects online data with 

trained CVAE through interaction with simulated environment, then 

save in replay buffer. The data would be sampled from replay buffer as 
training data for both CVAE and object-level HAGrasp. 
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reward in a cluttered environment. This could result in the 
policy prioritizing collision avoidance over grasping. As 
definition in (6), the penalty values for collisions are reduced 
and dynamically adjusted based on the distance to the target. 

𝑟 =

{
 
 

 
 

   

1,                               𝑖𝑓 𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑓𝑢𝑙 𝑔𝑟𝑎𝑠𝑝

−𝐿𝑝𝑜𝑠𝑒(𝐺𝐸𝐸 , 𝐺𝑓), 𝑖𝑓 𝑓𝑎𝑖𝑙𝑒𝑑 𝑔𝑟𝑎𝑠𝑝

−𝐿𝑝𝑜𝑠𝑒(𝐺𝐸𝐸 , 𝐺𝑓), 𝑖𝑓 𝑐𝑜𝑙𝑙𝑖𝑑𝑒𝑑

0,                               𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (6) 

This adjustment aims to encourage the control policy to 
consider the potential risk of slight contact and prioritize 
reaching deep into the graspable region when selecting the 
strategy that maximizes the expected reward. By considering 
these task-specific design adjustments, the scene-level grasp 
module can effectively adapt to the increased complexity of 
the environment and make informed decisions that balance 
obstacle avoidance and grasp success. 

III. SIMULATION AND EXPERIMENTAL RESULTS 

We evaluate HAGrasp on a benchmark against 2 open-
loop grasp baseline methods, 6-DoF Graspnet [4] and Contact-
Graspnet [5]. A version without hybrid action termed 
HAGrasp-eva is first designed as a temporally model for 
comparative study. HAGrasp-eva is used to indicate a 
waypoint-only version of HAGrasp which is trained by script 
termination condition and uses evaluator from [4] in test time. 
HAGrasp uses learnable termination design with hybrid action 
design. TM5-900M, a 6-DoF robotic arm with a Realsense 
D435 mounted on robot gripper is used to perform the grasp 
task. For each experiment, random category of objects in 
different number would be chosen and set random pose in 
workspace. After each episode of grasping in one experiment, 
the target object would be removed either success or not.  

Both CVAE and RL models are trained with simulated data 
from Acronym [33]. During scene-level training, 3 to 7 objects 
from 1333 categories were randomly stacked in simulation 
scene for grasp task to ensure generalization to wider range of 
practical applications. The feature exactor takes point cloud as 
input and output 1024 dimension features. The CVAE encoder 
compacts actions to 64 dimension latent value, and the value 
of predefined KL-divergence is set to 15. The discount factor 
𝛾 is set to 0.97. 𝛽𝐵𝐶  is set to 5. 

A. Simulation Results of Unseen Object Grasp 

The proposed method is evaluated in Pybullet [34] with 20 
different YCB objects [35] and execute 100 round experiments. 
We design two environment setup to address variation on 
complexity, the stable arrangement placed object with random 
pose where has no collisions with other objects. In the 
cluttered arrangement, objects are randomly dropped into the 
scene, and their poses are fixed after colliding with the scene 
or other objects. Fig. 6(a) illustrates objects in cluttered setup, 

which are randomly stacked in simulation. As shown in Fig. 
6(b), with integrating dynamic adjustment and hybrid output 
into a single model, our approach successfully plans 
trajectories and achieves grasp success in collision-free spaces.  

Table I shows the simulation results in stable arrangement. 
This simulation aims to verify the effectiveness of closed-loop 
system and performance improvement brought by proposed 
hybrid-action RL design. Open-loop methods 6-DoF Graspnet 
suffers from performance drop due to their inability to avoid 
obstacles between the initial and target points. On the other 
hand, Contact-Graspnet may not consider collision avoidance 
for each trajectory waypoint, leading to potential collisions 
while moving to pre-grasp positions.  

For the simulation of cluttered arrangement, Table II 
shows that the improvement in grasp success rate becomes 
more evident as the complexity of the environment increases. 
The main factors contributing to the performance drop to 
open-loop methods were occlusions caused by random object 
poses. Relying on single-view input for estimation may result 
in estimation errors due to occluded obstacles or hidden grasps 
caused by fragmented point clouds. The proposed system 
overcomes this challenge by incorporating multi-view inputs, 
continuously accumulating environmental information during 
runtime. It improves the overall system performance by 77.6% 
success rate while ensuring efficient execution and reduced 
grasp task cycle time. HAGrasp is capable of executing control 
strategies with higher expected success rate based on current 
task requirements, achieving a balance among strategies for 
obstacle avoidance, grasping, and environmental information 
acquisition, achieving stable performance in cluttered scene. 

The HAGrasp-eva shows advantages of multi-view input 
and closed-loop control. Results also show that it lacks of 
understanding of multi-modality of grasp pose which verifies 
the effectiveness of hybrid action in reward design. Due to 
external evaluator which takes different representation, 
resulting in numerous unnecessary collisions in refining grasp 
poses. The full design of HAGrasp achieves 81.1% success 
rate on 7 objects simulation while closed-loop baseline with 
external model only has 76.2%. The improvement in success 
rate is attributed to the shared features among the hybrid action 
of HAGrasp which enables a comprehensive understanding. 

Fig. 6. Experiment result of simulation in cluttered arrangement. (a) 
object placement and initial pose of robotic arm, (b) the complete 

trajectory of grasp task. 

(a) (b) 

TABLE I 
EVALUATION STATISTICS IN SIMULATIONS OF 7 STABLE OBJECTS, CD 

DENOTES COLLISION DETECTION 

Method 7 objects 

 
Success 

rate 

Inference 

time 

Cycle 

time 

6-DoF Graspnet [4] + CD 59.6% 3.15s 8.4s 
Contact-Graspnet [5] 71.4% 0.6s 5.2s 

HAGrasp-eva 76.2% 0.07s 5.6s 

HAGrasp (proposed) 81.1% 0.055s 5.1s 

 

TABLE II 
PERFORMANCE IN SIMULATION ENVIRONMENT OF CLUTTERED 

OBJECTS, CD DENOTES COLLISION DETECTION 

Method Cluttered 

 3 objects 5 objects 7 objects 

 Success Rate 

6-DoF Graspnet [4] + CD 58.3% 43.8% 36.2% 
Contact-Graspnet [5] 74.0% 68.5% 66.4% 

HAGrasp-eva 80.0% 74.4% 71.6% 

HAGrasp (proposed) 82.1% 79.7% 77.6% 
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B. Real Robot Experiments 

In real robot experiments, ROS is used for communication 
between the robot and the sensors. The target mask for novel 
objects is obtained using the UOAIS [36]. To validate the 
proposed architecture, the grasp system was tested in real-
world scenarios with noisy data from real sensor and random 
object poses in a cluttered environments. 20 grasp experiments 
were conducted with 20 daily life unseen objects. 

Fig. 7(a) shows the experimental result of grasping the first 
target of  7 unseen objects, the upper image is the trajectory of 
complete one episode of grasp, and below is the robot pose that 
successfully grasp. The process of successfully grasping the 
other 6 objects in sequence are shown in Fig. 7(b) to Fig. 7(g). 
As shown in Fig7(b), the grasp pose is determined as the 
bottom part of the bottle avoiding the potential collision with  
near by objects. 

The real world experiment of 5 and 7 objects are conducted 
to verify efficiency and robustness of proposed hybrid action 
control system. As shown in Table III, we compare the overall 
performance of HAGrasp with open-loop baseline Contact-
Graspnet [5] which is a scene-level approach that estimate 
collision-free grasp pose in real world. The experimental 
results of grasp 5 objects in clutter show that the success rate 
of the proposed HAGrasp is 78.0%, while baseline method is 
64.0%. Our method has a improvement of 21.8% in success 
rate compared to the open-loop control method.  

For the grasp task of 7 unseen objects, the HAGrasp 
outperforms Contact-Graspnet by 20.8% improvement on 
success rate. It is observed that Contact-Graspnet has poor 
performance on grasping small objects due to its one-stage 
architecture. On the other hand, our approach takes scene-level 
to perform collision-free motion planning and further 
implements target-centric grasp with object-level feature. The 
open-loop baseline suffers more from sensor noise cause by 
reflection and occlusion, the HAGrasp achieves more stable 
performance with dynamical adjustment using closed-loop 
control. The proposed method executes data preprocessing and 
re-estimation at every step which reduce the effect of sensor 
noise. Regarding the effects of multi-view input and sim-to-
real design, the HAGrasp can take noisy point cloud as input 
and perform success grasp. The performance achieved in real-
world experiments, which closely matches the results obtained 
in simulated experiments. It demonstrates the effectiveness of 

our sim-to-real training design and validates the model's ability 
to generalize effectively across different domains and avoid 
performance drop when applied to real-world data.  

Our approach has great improvement in inference time, the 
average computation time of one estimation is 0.055s where 
open-loop baseline has 0.6s inference time. The HAGrasp 
simplifies grasp task to waypoint predict instead of grasp 
estimation of whole scene, which has faster inference with 
fully capability of closed-loop control. The cycle time of 
propose method is shorter than baseline, which proves model 
efficiency of our design. The cycle time of closed-loop control 
is decreased due to multiple estimations for object mask, it can 
be further improved with optimal segmentation design. 

IV.  CONCLUSIONS AND FUTURE WORK 

We present a closed-loop grasp control system based on 
deep reinforcement learning to perform hybrid action robot 
grasp. A single-model design to integrate both the functions of 
end-effector control and termination evaluation has been 
proposed, which improves the efficiency of the autonomous 
grasp system. Furthermore, the closed-loop control with 
hybrid-action design is employed to further enhance the grasp 
success rate. Our work outperforms baseline approach by 
90.8% improvement on inference time with hybrid-action 
grasp network. Results shows that the proposed HAGrasp 
improve grasp success rate by 21.8% in 5 objects cluttered 
scene while reduce computational load with 6.8% cycle time 
improvement. Experimental results show that HAGrasp learns 
from sim-to-real training design by achieving stable 
performance of 74.2% success rate for grasping 7 objects in 
real world. The future work will focus on development of 
image segmentation process to further improve cycle time. 
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Fig. 7. Experimental results in real world for picking 7 novel objects. (a) trajectory and the robot pose of grasp success in first episode, (b)(c)(d)(e)(f)(g) 

shows the process of completing the task and grasping the other 6 objects. 

(a) (b) (c) (d) (e) (f)    (g) 

TABLE III 
PERFORMANCE OF REAL ROBOT EXPERIMENTS  

Method 5 obj. 7 obj.   

 Success rate 
Cycle 

time 

Inference 

time 

Contact-Graspnet [5] 64.0% 61.4% 29s 0.6s 

HAGrasp (proposed) 78.0% 74.2% 27s 0.055s 

Improvement 21.8% 20.8% 6.8% 90.8% 
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